Revenue potential from offshore wind and energy storage systems for a Long Island node in the New York ISO (NYISO) is examined using advanced lithium-ion battery representations. These advanced mixed-integer-linear battery models account for the dynamic performance, as well as the degradation behavior of the batteries, which are usually not accounted for in power systems models. Multiple hybrid offshore wind and battery system designs are investigated to examine the impact of locating the battery offshore versus locating it onshore. For the examined systems, we explore different battery usable state-of-charge (SOC) windows, and corresponding dispatch of the battery to maximize energy-and capacity-market revenues. The impacts of variability of offshore wind output along with energy-and capacity-market prices are evaluated using publicly available data from 2010 to 2013. Locating the battery onshore resulted in higher revenues. For 2013, results highlight that without accurate battery representations, models can overestimate battery revenues by up to 155%, resulting primarily from degradation-related costs. Using advanced algorithms, net revenue can be increased by 29%. Results also indicate that wider useable SOC windows could lead to higher net revenues from the energy market, due to higher arbitrage opportunities that compensate for any additional degradation-tied costs in higher DODs. The added value of a MWh of energy storage varies from $2 to $3.5 per MWh of wind energy, which leads to a breakeven cost range of $50-$95 per kWh for the battery systems studied. As such, energy-and capacitymarket revenues were found to be insufficient in recovering the investment costs of current battery systems for the applications considered in this analysis.
INTRODUCTION
Decarbonizing the electricity sector by increasing the capacity of renewables in the generation mix is one of the main pathways for reducing greenhouse gas (GHG) emissions [1] . Within renewable energy technologies, offshore wind is expected to have a promising future, due in part to significant lowering of costs in recent years [2] . Fixed bottom wind turbines at capacity-weighted average capital costs of $4,350 per kW in 2018, globally, have experienced a 45% drop in costs since 2015, while floating bottom turbines are the more expensive option at $5,605 per kW but are also expected to become more economical as the technology matures [3] . These capital costs put these turbines within striking distance of other technologies; the levelized cost of energy (LCOE) from fixed bottom offshore wind is reported to be as low as $92-98 per MWh in 2018 [4] [5] , while that of the floating bottom systems is at $175 per MWh [3] , compared to LCOE values of $14-47 per MWh [5] from onshore wind and $32-41 per MWh [5] from utility-scale solar. In the United States, growth has been limited to date with the existence of just one offshore wind farm of 30MW. However, that is expected to change with investments of over $68 billion in the pipeline from about 17GW of planned offshore wind projects [6] . Globally, gridtied offshore wind capacity additions in 2018 reached almost 4.5GW, which is 15% higher than in 2017, with Chinese deployments tripling to 1.6GW during that year [7] .
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. cable investment cost ($/MW capacity market revenue for self-managed BESS ( ) number of hours in each day that SOC is higher that its lower limit Increasing offshore wind deployments will further elevate the concerns that are emerging regarding the challenges of grid integration and system reliability with the rise of variable renewables. The materiality of these concerns varies from system to system, however, one mechanism to mitigate any issues related to variability and uncertainty is energy storage [8] . Advanced energy storage technologies such as batteries, can provide the grid with the added flexibility needed to reliably accommodate much higher levels of variable renewable generation. This potential for a strong synergistic relationship between storage and renewables is expected to result in the deployment of significant amounts of advanced storage assets across many power systems over the coming years, and indeed this dynamic has already started. In the US alone, the first quarter of 2017 witnessed deployment of 71MW of battery energy storage projects, a 276% increase over the first quarter of 2016. In 2018, energy storage deployments, at 777MWh, was an 80% year-on-year increase compared to 2017 [9] . Such levels of deployment can be expected to be repeated again in 2019 as the economics of energy storage systems continue to improve. Prices of lithiumion batteries, the dominant battery technology, has decreased from an average $900/kWh in 2009 [10] to $209/kWh in 2018, at the pack level [11] . Now, multiple studies have investigated the economic potential of offshore wind both with and without an accompanying energy storage system [4, [12] [13] [14] . Mills et el. [12] developed a model to study the profitability of offshore wind in the US using historical data and concluded that the revenue potential varies significantly with location. Beiter et al. [4] calculate and compare both the levelized cost of energy (LCOE) for projects in the northeastern US, as well as, the levelized revenue of energy (LROE) for offshore wind using power purchase agreement (PPA) data between Massachusetts distribution companies and Vineyard Wind LLC. They found that LCOE estimates of $120-160/MWh for offshore wind projects in the northeastern US exceed the calculated LROE of $98/MWh using Vineyard Wind's power purchase agreements (PPAs) in the US. Beiter et al. [4] hypothesize that this discrepancy between LCOE and the LROE, which in a perfectly competitive market can be expected to be equal, could result from a range of factors including the US's nascent market benefiting from cost-reduction trajectories in Europe. Other studies have investigated the profitability of energy storage systems at the grid-level under different market conditions [15] [16] [17] [18] [19] . He et al. [15] develop optimal bidding strategies for battery energy storage systems (BESSs) to participate in the energy market while accounting for the life of the battery. Bradbury et al. [16] evaluate the economic viability of BESSs for arbitrage in real-time markets by using a simple linear BESS model. In a more comprehensive study, Davies et al. [17] compare the revenue potential of different battery chemistries including lithium-ion, nickel-cadmium, and sodium-ion using a linear battery model with a constant battery roundtrip efficiency. Wankmüller et al. [18] develop advanced battery models by accounting for the impact of battery degradation. In another study, Sakti et al. [19] propose enhanced lithium-ion battery models that consider variable efficiencies and maximum power limits as a function of the battery's state-of-charge (SOC), however, Sakti et al.'s models did not account for the impact of the battery's degradation.
Most existing studies focus either on offshore wind or on BESSs separately, with the ones that consider both, relying on general linear models of BESSs, which ignore its non-linear performance and degradation behavior. A gap exists in the literature when it comes to the evaluation of the economic viability of offshore wind connected BESSs that consider better representations of battery behavior to estimate the added value from the BESS more accurately. In this paper, we develop models to fill this void. We build up on Sakti et al.'s [19] prior work on enhanced battery representations by modifying the BESS's dynamic efficiency representation and accounting for both calendar-and cycle-life degradations. These advanced battery models are then used to evaluate BESSs for offshore wind applications for different system designs and markets using 2010-2013 wind and market data specific to a NYISO node. System designs include the location of the battery to investigate whether locating a battery offshore offers any benefits to siting it onshore, particularly from lower submarine cable costs by operating a lower-capacity cable at higher capacity factors. Results provide useful insights into optimal system design and the economic viability of different BESS solutions. The rest of paper is structured as follows: section 2 presents the different designs for offshore wind connected BESSs that we investigate, section 3 discusses the methodology and problem formulation in MILP form, section 4 highlights the assumptions of this study, section 5 presents the results and discussion, and the summary and conclusions are presented in section 6.
OFFSHORE WIND & BESS DESIGN CONFIGURATIONS
We investigate four different design configurations for the offshore wind farm: i) the offshore wind farm with no BESS, ii) BESS located onshore, iii) BESS located offshore, and iv) a hybrid system with BESSs both onshore and offshore. The general schematic of these designs is shown in Fig. 1 . The different locations for the BESSs is investigated to evaluate the impact on the overall profitability of the combined system. In the studied system, the BESSs are primarily charged using offshore wind energy. The wind energy can also be directly delivered to the grid through the cable and onshore power line. In the event that the generated wind power is more than the cable's rated capacity and the BESS's charging power limit, the additional power is curtailed. The BESS can also be charged from the grid when the wind generation is not high enough and the power prices are low. This energy from the BESS can then be discharged to the grid at a later time. Hence, in the designed system, the BESS can be used to time-shift the generated wind energy or participate in direct energy arbitrage from the grid. The BESS can also participate in the capacity market, if the regulations of the host ISO allow for such participation. While the onshore and offshore BESSs can of course be from different technologies, in this work, we consider a Li-ion battery, more specifically a Lithium Nickel Manganese Cobalt Oxide (NMC) chemistry. Fig. 1 . Offshore wind connected battery system configurations: sold and purchased energy ( , ), energy exchange of onshore (N) and offshore battery (F) with the grid ( , , ), charged energy from wind generation ( , ), wind energy directly sold to the grid ( , ).
METHODOLOGY
Economic evaluation of the mentioned systems and its revenue estimation in different markets are performed through an optimization model using a mixed integer linear programming (MILP) formulation. Decision variables include the dispatch of the BESS, wind curtailment, and cable sizing. The objective function maximizes the revenue of participation in the energy market, while considering the operational costs and constraints. Traditional modeling methods of BESS in power system problems usually assume fixed roundtrip efficiencies and/or fixed rated power for the batteries [16] [17] . However, in reality, the BESS's charging and discharging efficiencies vary by the output power and SOC, while its maximum power, also, is a function of SOC [19] [20] . More importantly, neglecting the degradation of the battery has been shown to impact its optimal cycling profile and significantly overestimate the revenue potential of the BESS [18] . As such, the analysis presented in this study incorporates an enhanced BESS model, which accounts for the battery's dynamic efficiency and maximum cycling power, in addition to its calendar-and cycle-degradation. However, due to non-linear nature of the efficiency (losses) and maximum power in different SOCs, we implement a piecewise linearization method to be able to capture these dynamic behaviors in MILP form. Capacity fade also behaves non-linearly with respect to time and cycling; however, we incorporate a linear model for the same.
The optimization formulation of the problem considers the offshore wind connected BESS to be participating in the energy market and considers its operational costs. The objective function maximizes energy revenues. Mathematically,
where, is the day-ahead energy price in a specific market at time t, and and are the purchased and sold energy from and to the gird, and define the time indices of hours and days. , is variable O&M cost of the battery per MWh, is the battery replacement cost per MWh, is the actual capacity of the battery after degradation, and . , . and . are the capacity, investment cost per MW, and annuity factor, respectively, of the submarine cable. Note that in addition to the BESS degradation cost, three other cost elements have been considered for the battery: investment, fixed O&M, variable O&M costs. As the BESS in this problem is a price taker, optimizing its size does not provide much insight; either the battery investment is profitable based on its investment cost and the optimum solution is the maximum allowable battery capacity, or it is not profitable and the solution suggests zero battery installation. Therefore, the battery size and its investment cost are considered as exogenous variables. The fixed O&M cost is tied to the battery size and it is therefore constant for a given battery size. However, the battery's variable O&M and degradation costs are optimization variables. The constraints of this problem change for different BESS locations of onshore, offshore and hybrid design, as outlined below.
Onshore BESS
In the onshore BESS configuration, it is assumed that the generation from the wind farm is either transferred through the cable to the shore or curtailed, if it exceeds the optimum capacity of the cable. The energy transferred to the shore can either be sold directly to the grid, or stored in the onshore BESS. In this configuration, energy balance constraints will be as (2)- (5) .
Constraint (2) calculates the sold energy as the discharged power minus its losses ( and ), and directly sold wind energy to the grid , accounting for the onshore power line efficiency .
(3) accounts for the purchased energy from the grid to charge the BESS in addition to the charging from the wind power, . Eqs. (4) and (5) are the energy balance at the offshore and onshore side of the cable, respectively. So, the problem formulation for onshore battery location is objective function (1), subject to (2)-(5) and the battery cycling constraints which will be presented later in section 3-4.
Offshore BESS
For the offshore BESS configuration, it is assumed that the BESS is installed by the wind farm side and combined offshore wind power and battery's discharged power is transferred to the grid through the cable and power line ( Fig. 1 ). Considering this configuration in the problem formulation, the objective function (1) is subject to the energy balance constraints (6)-(9) instead of (2)- (5) .
where, (6) is the sold energy to the grid by discharged energy from the BESS minus its losses and the directly sold wind energy considering the cable and power line efficiency. Constraint (7) calculates the purchased energy to charge the BESS, (8) assures the energy balance on the wind farm side and (9) calculates the cable power.
Hybrid Design
The hybrid design of the system includes both onshore and offshore BESS that can be of different capacities and technologies. To define this configuration, the objective function of (1) will be subject to the energy balance and performance constraints for both the onshore and offshore batteries. Therefore, the BESS cycling constraints will be repeated for both onshore and offshore batteries, and (2)-(5) will be replaced by new energy balance constraints (10)- (14) .
The whole optimization problem will be maximizing (1) subject to two sets of BESS cycling constraints ( (15)-(19) and (A.1)-(A.20)) and (10)- (14) .
In this case, the sold energy is related to the onshore battery discharge and the power coming from the cable as in (10) . The purchased energy should consider charging of both onshore and offshore batteries as written in (11) . (12) accounts for the energy balance in the wind farm side and (13) and (14) present energy balance in the offshore and onshore ends of the cable.
BESS Model
Regardless of the BESS location, we include constraints defining its cycling and degradation characteristics in the formulation. In this study, building on our previous work in [19] [20] , we developed an advanced BESS model accounting for both dynamic efficiency and power limits as well as cycle and calendar degradations. Note that the main constraints reflecting the advanced BESS modeling are discussed in this section, while the more basic constraints are presented in Appendix A.
3-4-1. Dynamic efficiency and cycling power limits
To define the BESS cycling in all configurations and to include the charge/discharge powers' limits and SOC window, (15)-(17) are written as follows:
where, constraint (15) limits the BESS charge and discharge level to predefined minimum and maximum SOCs, and respectively. (16) and (17) assure that the charge and discharge powers are limited to their maximum value at each SOC.
and are defined to regulate the maximum charging and discharging powers in different SOC levels. For instance, Fig. 2 shows how maximum cycling power changes for different SOCs. Also, we calculate charging and discharging losses and from dynamic efficiency profiles for each SOC level for selected batteries. Fig. 2 shows the resulting power losses for 30%, 50%, and 70% SOCs from dynamic efficiency data. Comparing these three curves to the constant efficiency line (black line) reveals that the losses calculation with constant efficiency can lead to underestimation or overestimation error for losses at different output powers. To avoid this error and have more accurate estimation of the cycling losses, we have used dynamic efficiency curves by piecewise linearization and integer variables. Constraints (18) and (19) calculate the dynamic discharge and charge losses using calculated power curve pieces , and their slopes , . The detailed constraints to formulate the selection of SOC curves and power losses and power limits calculations are presented in Appendix A. Solving (1) subject to energy balance constraints in each configuration and the BESS cycling constraints will optimize the operation of the battery based on the wind generation and the energy price signals. 
3-4-2. Cycle and calendar degradations
Degradation considered in this study pertains only to the capacity fade occurring in the battery cells, which results from two sources: i) calendar aging, which is a function of time, regardless of the battery use, and ii) cycle aging, which happens by charging and discharging of the battery. For both calendar and cycle degradation mechanisms, temperature plays a key role, while in the case of cycle aging, the depth of discharge (DOD), C-rate and the average SOC are additional contributors [21] [22] . From the power system application point of view, the degradation effect can be incorporated into the optimization problem in two ways: reducing the cyclable capacity of the BESS in the problem constraints; and, defining a degradation Both these aspects are implemented in the model developed in this study to analyze the effect of degradation in the operational and financial results of the BESS. In the formulation, we assume that the battery capacity due to the calendar aging declines linearly by time as shown in (20) .
where, and are the battery's capacity after calendar degradation and its initial capacity, respectively. EOL is the end of life criteria, which is the remaining capacity after degradation, is the number of days and is the calendar life of the battery in days. The degradation rate in this equation is a function of number of days, EOL criteria and calendar life of the battery. To account for the battery's cycle degradation ( ), the method is to count the number of equivalent full cycles and compare it to the cycle life ( ) of the battery. In each day, the charging power is summed up and divided by the battery's rated capacity ( ) as follows:
To include the effect of DOD in the battery cycle life, we use empirical data of cycle life in different DODs as shown in Fig. 3 [23] . For each DOD based on the operating SOC window, the cycle life is calculated before the optimization and used to estimate the cycle degradation of the battery in the optimization. Therefore, we change ( ) in constraint (22) for different DODs. To implement the degradation in the optimization problem constraints, actual capacity of the battery after cycle degradation is calculated at the end of each day and is used for the cycling limit in the next day. Therefore, constraints (21)-(23) are added to the problem to calculate the actual capacity.
Then, the battery's rated capacity in (15) is replaced by its actual capacity from (23) as shown in (24) .
Also, the power rating of the battery is considered to decline linearly with the capacity fade. Therefore, maximum charging and discharging powers are fading by the degradation and a factor of ( )/ is multiplied to the maximum power constraints of (A.9)-(A.12). As an example, (A.9) will be replaced by (25) .
Note that introducing degradation penalty in the objective function will prevent excessive cycling of the battery to avoid the penalty. However, the degradation will happen even without cycling due to the calendar aging. Therefore, to make sure that the battery is being cycled enough to cover the calendar aging, we add another constraint to set the lower bound for the degradation as (26) . Constraints (20) 
Capacity market representation
For the offshore wind, we consider constant daily capacity credit and assume that it receives the capacity credit for all days of year, and for simplicity we do not consider any penalty mechanisms. Therefore, capacity market revenue for offshore wind, , is calculated by (27) .
where, is capacity credit as percentage of the installed capacity, . ( ) is the daily capacity price. For the BESS, there are several requirements to participate in the capacity market in NYISO such as minimum injection capacity (0.1 MW), capacity resource interconnection service (CRIS), minimum duration requirement (4 hours) and availability factor [25] . NYISO allows energy storage resources to derate their capacity to meet the 4-hour duration requirement. Also, ISO-managed and self-managed BESS receive different capacity credits. For the ISO-managed BESS, we calculate the capacity revenue as follows:
which derates the capacity credit by the duration and SOC window and gets the capacity credit for all days. The ISOmanaged BESS receives capacity credit regardless of its SOC, while self-managed BESSs do not receive capacity credit for the times that SOC has reached its lower limit (i.e. the BESS cannot be discharged). Therefore, capacity revenue for the self-managed BESS has another factor, adjusting its availability based on SOC level as (29) .
where, ( ) is number of hours in each day that SOC is higher that its lower limit.
4-ASSUMPTIONS
We consider a hypothetical case with 10 MW installed capacity of offshore wind and evaluate the added value of 1 MWh BESS as the baseline in this study. Fig. 4 shows hourly wind capacity factor data for January 2013 in a location outside Long Island within the NYISO area. We assume that the generation from the offshore wind farm can be directly sold to the grid or charge the batteries. Moreover, there is no penalty for charging from the grid, or renewable energy credit for charging from wind energy. However, the efficiency of the onshore power line to the nearest power station naturally prioritizes charging from the wind energy. Table 1 shows the fixed parameters used for the BESS. The battery chemistry used in this study is Lithium Nickel Manganese Cobalt Oxide (NMC) UR18650E. The efficiency data in different power and SOCs are calculated from the manufacturer data [25] . The battery related costs for onshore and offshore configurations are different. So, for the sake of comparison in this study, we consider offshore battery costs (investment and O&M) to be 20% higher than onshore battery. The BESS investment cost varies with energy to power ratio (durations). For 1-hour battery in this study, the investment costs are $165/kWh and $530/kW [26] . When it comes to the cost of the submarine export cables, values are largely dependent on AC versus DC options, the transmission distance, capacity, and water depths [27] . NREL reports that the cost of two three-phase cables for a 250MW wind plant to be as high as $80-100 million including burial costs at depths of up to 100 meters and a transmission distance of 30 kilometers [28] . In our analysis, we assume a conservative cost-estimate of $125,000 per MW of HVAC cable capacity for our hypothetical 10MW wind farm located at a distance of 20km from the shore. The distance of 20km was chosen based on distribution-data of actual wind farm installations in Europe [28] .
For energy market revenue evaluation, we select the Long Island area in New York ISO (NYISO) and use day-ahead market prices from 2010 to 2013 for a coastal node (#23522) as input for the optimization. Sample price data for 2013 are shown in Fig. 5 . We assume that the energy transactions with the grid does not change the local energy price and that offshore wind connected BESS is a price-taker. Capacity market prices per kW-year from NYISO for the same time period (2010-2013) are translated to $/MW-day ( Fig. 5) and used for the capacity market revenue evaluation. For offshore wind, the capacity credit is 38% of its installed capacity for both summer and winter seasons [29] . 
4-RESULTS AND DISCUSSION
In this section, we first show how the accuracy of the BESS model is critical to better decision-making tools and why the advanced models presented in this study offer advantages over simpler modeling approaches. Subsequently, we present findings from different case studies analyzing impacts of battery location, DOD, and participation in energy and capacity markets.
4-1. Battery Modeling Accuracy
As mentioned in section 3, most BESS models in power system analyses assume constant efficiency and constant power limits for all SOCs and discharge rates, without accounting for cycle or calendar life. As expected, these simplifications lead to inaccuracies in modeling the battery cycling profiles, as well as the calculated BESS revenues from the electricity market. Fig. 6 highlights the varying charge and discharge cycles of the BESS using four different models for 2013 data. In the basic model, the optimization is based on the constant efficiency of the BESS and therefore the battery is cycled with the static maximum power as long as the price gap is enough to cover the roundtrip losses. When the model accounts for the dynamic efficiency of BESS, optimization results show lower power charging and discharging profiles to operate the battery in higher efficiencies. The last 36 hours in Fig. 6 are zoomed to better illustrate this difference between basic and dynamic efficiency models. Also, due to the more accurate accounting of losses, the dynamic efficiency model can identify smaller arbitrage opportunities which leads to higher number of equivalent full cycles ( Table 2 ). Note that, as the basic and dynamic efficiency models do not consider the degradation cost, they both lead to excessive cycling of the battery.
Introducing the degradation cost as a cycling penalty in the objective function reduces the number of cycling events. In this case, cycling is limited to a higher price differences that can compensate both the losses and degradation costs due to the cycling. For instance, in the sample period in Fig. 6 , the battery is not discharged in 36 hours due to lower prices and is only being charged during the lowest prices of the sample period (see zoomed inset for "cycling degradation" in Fig 6) . Overall, optimal arbitrage cycling based on the assumptions in this study tends to have much fewer battery cycles when the cycling degradation is included in the optimization, as also shown in Table 2 . However, when the calendar degradation is included as a lower boundary constraint for the capacity fade, the number of cycling events goes up to use the maximum arbitrage opportunity to compensate for the inevitable calendar degradation. These different cycling profiles resulting from varying degrees of model sophistication yield different estimates of net battery revenue, which is energy market revenue minus the degradation and variable O&M costs as shown in Fig. 7 . In the basic model, the total revenue from the energy market is maximized without accounting for the degradation costs, thereby overestimating the battery's economic viability. The dynamic efficiency model has 2.4% higher total revenue compared to the basic model due to more accurate estimation of losses and capturing smaller arbitrage revenues, although post-optimization calculation of the degradation costs due to over cycling of the battery shows that it does not necessarily lead to higher net revenues. The cycling degradation model has the highest net revenue estimation; however, it does not account for the time-dependent calendar degradation that will happen even if the battery is not cycled. The calendar degradation model, by building up on the dynamic efficiency and the cycling degradation models, is the most comprehensive of all and represents the physical performance of lithium-ion batteries of NMC chemistry more accurately. As such, revenues estimated using this model can be expected to be more reliable. Results using this advanced model show that almost 50% of revenues generated from the energy market by a BESS can be expected to go towards compensating for the degradation and variable O&M costs of the BESS. Overall, ignoring accurate representations of lithium-ion batteries, particularly their degradation, resulted in a total revenue estimate of $10,675, which is 155% greater than the net revenue calculated using the most advanced calendar degradation model of $4,185 for the 1MWh battery for 2013. However, it is entirely plausible that even when using the basic model, the user may account for any degradation-related costs, ex-post, once the revenues have been estimated, and on doing so the net revenue is seen to go down to $3,244 (Figure 7) . Using our advanced calendar degradation model, this net revenue can be increased by 29% to $4,185 since our algorithm prevents excessive cycling of the battery especially when the degradation costs are greater than the revenues generated. To examine the robustness of the model's results for different input data, we run four iterations of the model for 2010-2013 wind and price data and present the results in Fig.  8 . The figure illustrates that the models' results are robust across wind and price data of different years and follow the same trends as in Fig. 7 and Table 2 , indicating the importance of modeling approach in evaluating the BESS revenue in the energy arbitrage market. The results also reveal that the BESS revenue can vary substantially between different years. Using the more sophisticated and accurate calendar degradation model, we report our evaluation of energy-and capacitymarket revenues from lithium-ion batteries for offshore wind in the next section.
4-2. Revenue in Different BESS Locations
To explore the impact of battery location, we apply the optimization model to onshore BESS, offshore BESS and hybrid designs for the four different years. In the hybrid design, we assume that BESS is split with 50% onshore and 50% offshore. Fig. 9 shows the stacked average (over 2010-2013 data) revenue and cost elements per MWh wind energy in different battery locations. These results reveal that without BESS, the average value of offshore wind is $56 per MWh of wind energy. Adding the 1MWh battery increases this value to $59/MWh. However, the battery associated costs (investment and O&M) and cable investment cost decreases the revenue by 57-68% for different BESS locations. The net revenue of the offshore wind asset per MWh energy (without considering the offshore wind investment and O&M costs) drops from $53 in the case of no BESS to $19, $22 and $25 for offshore, hybrid and onshore BESS cases. Therefore, battery participation in arbitrage and capacity markets only does not compensate its costs, and additional revenue streams, e.g. through other markets such as ancillary services, are needed for the battery to be economically viable under the cost assumptions used in the study. Table 3 summarizes the breakdown of revenues and costs, and also presents the total value of the battery and its breakeven cost for the three different locations. On average for different BESS locations, 95.6% of the revenue comes from wind's energy and capacity markets and 4.4% is the portion of battery's revenue. The battery investment accounts for 81% of the total considered cost (which only includes battery-and cable-related costs, but does not consider the offshore wind investment cost). Another important observation is that the average battery degradation cost under the optimal solution for different locations is only 3.2% of the total cost. The revenue from the 1MWh battery adds up to $2.69 per MWh of wind energy which results in a maximum breakeven investment cost of $69.3 per kWh for the battery considering 10 years capital recovery period and 7% discount rate. This compares to current battery investment costs of $400-600 per kWh [11] . It will be useful to note here that our results indicate that the added value of 1MWh battery to 1MW wind asset through energy-and capacity-market revenues is ~$2 and ~$0.6 per MWh of wind energy. Mills et al. [12] report added values of $1.9 and $0.6 MWh-wind for a 1.25MW/5MWh battery for 18MWs of offshore wind in NYISO. These numbers although not directly comparable, due in part to the difference in the wind energy output and price variations in different years, still gives some sense of how our numbers with advanced battery models compare to other existing studies. The BESS revenues and corresponding breakeven costs vary in different years due to energy and capacity market price variations as shown in Fig. 10 . The BESS revenue is highest in 2013, while it is lowest for 2010 and 2011 for all battery locations. These results lead to breakeven cost interval of $50-95 across the four different years. Fig. 11 illustrates that capacity market revenues vary more than energy market revenues across the four years. The BESS energy and capacity market revenues breakdown indicate that although energy market revenue is higher in some years (e.g. 2012), the capacity market revenue can alter the total revenue result (e.g. 2013).
4-3. BESS SOC Operational Window
We also compare the BESS revenues for different useable SOC windows. Fig. 12 shows that widening the SOC window maximizes the battery capacity utilization and increases the gross revenue. On the other hand, deep cycling leads to excessive degradation and high associated costs, while the degradation rate is slower with narrow SOC windows. However, due to a high arbitrage opportunity in a specific hour, the increase in the revenue with higher DODs is larger than the increase in the degradation costs and therefore, the net revenue is higher for wider SOC windows. Operational results indicate that the energy throughput is higher for lower SOC windows in the optimal solution, although, it does not lead to higher revenues. Referring to the cycle life-DOD relationship in Fig. 3 , in lower SOC windows the cycling degradation cost is low and the BESS is cycled even for small arbitrage opportunities to maximize the revenue, while with wider SOC windows the BESS is cycled only in higher arbitrage hours to avoid excessive degradation. For different SOC windows, 91-94% of the charged energy comes from the offshore wind and 6-9% is purchased from the grid. The annual roundtrip efficiency of the BESS for different SOC windows is 84-86%, with higher values for lower SOC windows. Finally, after exploring the BESS's technical configurations, we compare the impact of participation in different markets on the revenue of offshore wind connected BESS. Fig. 13 shows the revenue elements breakdown in NYISO for energy and capacity markets. These results are normalized for 1MW offshore wind and 1MWh onshore battery system. In the energy market, the average revenue across different years for wind is $198,000, compared to $7,800 for BESS. The variation in the wind and energy price data in different years has significant impact on the offshore wind revenue (±24%), while the BESS energy revenue has smaller variations (±8%).
In the capacity market, the BESS can be self-managed or managed by the ISO and these scenarios lead to different capacity revenues. The self-managed BESS has 40% lower capacity revenue. In both cases, the BESS capacity revenue is 64-78% lower than the wind capacity revenue. Also, due to the larger variations in the capacity prices in different years, both wind and BESS revenues have substantial variations in different years. 
5-SUMMARY AND CONCLUSIONS
We evaluated the economic viability of pairing BESSs together with offshore wind by quantifying revenues from participation in energy and capacity markets. Towards this end, we developed enhanced models of lithium-ion batteries that account for their dynamic efficiency as a function of the discharge power, power-limits as a function of the SOC, and cycle-and calendar-lives. The proposed representations can serve as a generic framework that captures the physical phenomena characterizing the behavior of BESSs in MILP format. Hence, this generic formulation can be directly implemented in a range of different power system optimization models. Using the proposed BESS formulation, we investigated multiple offshore wind and battery hybrid system designs to examine the impact of locating the battery offshore vs. onshore. We also explored the optimal BESS operation under different usable SOC windows to maximize energy-and capacity-market revenues for a selected location in NYISO using four years of wind and market price data.
We find that relying on simplistic BESS models adds substantial error to the battery revenue estimate. With our enhanced battery representations, net revenues can be increased by 29%. The analysis highlights the importance of using detailed and sophisticated BESS models by asset owners to accurately estimate the revenue potential and improve operational and planning decisions.
We also find that locating the BESS onshore and operating it within its full SOC window results in the greatest revenue potential. Cable losses, battery degradation, and the historical price profiles used in the study with specific periods of high arbitrage opportunities contribute to explain this outcome. We found that the energy revenue of the BESS is around 4% of the offshore wind revenue, while the BESS's capacity revenue is 22-36% of the offshore wind capacity revenue. Both energyand capacity-market revenues, with the latter in particular, vary substantially in different years due to the weather and price uncertainties.
Overall, results underscore that BESS is still an expensive investment option. We find that the average breakeven price of storage in 4 years is $69 per kWh for the onshore battery (with $55-95 per kWh variation), which is well below current BESS costs. The presented numerical results are obviously limited to the specific inputs and assumptions of this study and should be interpreted accordingly. In future work, we plan to study a wider range of battery chemistries, including flow batteries. We also plan to consider other geographical locations, markets, and additional battery applications and revenue streams.
APPENDIX A
We present the basic cycling constraint of the BESS such as SOC and cycling power boundaries, SOC calculations, and power losses curves selection for different SOC levels in this section as follows: Constraints (A.9) and (A.10) calculate the maximum "discharging" power for (16) with the power pieces from input data, using "Big M" method to select a SOC curve by a binary variable . (A.11) and (A.12) repeats the same process for "charging" maximum power calculation. Therefore, to solve the problem for onshore BESS configuration as an example, the objective function (1) is subject to (2) 
